In this study, the authors investigate the use of high-resolution simulations from the Weather Research and Forecasting Model (WRF) for evaluating satellite rainfall biases of flood-inducing storms in mountainous areas. A probability matching approach is applied to evaluate a power-law relationship between satelliteretrieved and WRF-simulated rain rates over the storm domain. Satellite rainfall in this study is from the NOAA Climate Prediction Center morphing technique (CMORPH). Results are presented based on analyses of five heavy precipitation events that induced flash floods in northern Italy and southern France complex terrain basins. The WRF-based adjusted CMORPH rain rates exhibited improved error statistics against independent radar rainfall estimates. The authors show that the adjustment procedure reduces the underestimation of high rain rates, thus moderating the magnitude dependence of CMORPH rainfall bias. The Heidke skill score for the WRF-based adjusted CMORPH was consistently higher for a range of rain rate thresholds. This is an indication that the adjustment procedure ameliorates the satellite rain rates to provide a better estimation. Results also indicate that the low rain detection of CMORPH technique is also identifiable in the WRF-CMORPH comparison; however, the adjustment procedure herein does not incorporate this effect on the satellite rainfall bias adjustment.
Introduction
Heavy precipitation events (HPE) occurring over mountainous regions have a tendency to trigger devastating flash floods with consequential hazards such as landslides or debris flows (e.g., Malguzzi et al. 2006; Petrucci and Polemio 2009) . These effects substantially impact society, which is in need of better forecasting tools to support early warning (e.g., Ruin et al. 2008; Schelfaut et al. 2011) . Flash flood forecasting has been a very important topic in hydrologic research. One of the crucial prerequisites for establishing a reliable hydrologic modeling for flash floods is to gather accurate precipitation data for the flood simulation. However, there is no precipitation measurement method that would provide accurate rainfall estimates over extensive areas. Generally, the network of rain gauges furnishes the most accurate observation, but at discrete locations it cannot represent the rainfall processes over large domains, particularly when this includes complex topography. Radar-derived precipitation is considered the most reliable data source for obtaining area rainfall estimates when it is based on a combination of error correction procedures, including adjustments for mean field bias using rain gauges. However, the area covered by radar networks is still limited, particularly over complex terrain where the radar measurements may encounter beam blockage and vertical reflectivity profile effects (Maddox et al. 2002) . Satellite-retrieved precipitation data can cover large regions globally, but they are affected by significant uncertainty since the satellite observation is often influenced by the atmospheric or land surface effects and other technical factors (Tang and Hossain 2012) .
There is a broad consensus being demonstrated by many researches that high-intensity rainfall rates tend to be underestimated by satellite retrievals, especially over complex topography (Prat and Barros 2010; Kidd et al. 2012; Bitew et al. 2012) . Comparing different satellite products in the upper Blue Nile area of Ethiopia, Bitew et al. (2012) have indicated that microwave-based satellite rainfall retrievals may have better accuracies over mountainous areas than infrared-based satellite rainfall estimates. Similarly, Dinku et al. (2007) have shown that the National Oceanic and Atmospheric Administration (NOAA) Climate Prediction Center (CPC) morphing technique (CMORPH) exhibits the best consistency among 10 different satellite rainfall products with areaaveraged gauge rainfall over complex topography.
Although the satellite rainfall is associated with significant uncertainty, it is worth investigating the feasibility of using these estimates as input to hydrologic models, given that satellites have the spatial coverage advantage over rain gauges and radar observations, particularly over mountainous areas. Bitew et al. (2012) examined several satellite rainfall products as input to a hydrological model and found that all streamflow simulations had strong underestimation. Similarly, Nikolopoulos and Anagnostou (2010) tested the performance of satellite rainfall products at different resolutions for flood modeling on a range of basin scales using a distributed hydrologic model. In all flood simulations, the 8 km/hourly resolution CMORPH rainfall product provided better error metrics than the coarser (25 km, 3 hourly) satellite rainfall products.
In a recent study, Nikolopoulos et al. (2012) applied bias adjustment on three of the current high-resolution (4 km, hourly; 8 km, hourly; and 25 km, 3 hourly) satellite rainfall products using rain gauge-adjusted (1 km, hourly) radar rainfall data over northeast Italy. They subsequently forced a distributed hydrologic model with both the original and adjusted satellite products and the reference radar rainfall to simulate a major flash flood over a 600-km 2 basin. They showed that neither satellite product could lead the hydrologic simulations to capture the magnitude of the flood event, which indicated that the adjustment procedures need to be meliorated or the satellite rainfall adjustments need to be improved, according to the local topography conditions.
Besides the precipitation observation methods, quantitative rainfall forecasts from numerical weather prediction (NWP) models can be employed by a hydrological model for generating flood predictions. Nevertheless, the accuracy of precipitation fields derived from NWP forecasts suffers from spatiotemporal and amplitude errors depending on the model physics, dynamics, and model configuration (Schwartz et al. 2010; Bray et al. 2011) . Generally, NWP initialized with analysis data can provide a reliable estimation of the synoptically forced rainfall, while satellite observations can better represent the convective rainfall temporal variability (Ebert et al. 2007) .
Since each precipitation data source has its own advantages and shortcomings, it is possible to combine the different types of precipitation estimates for the purpose of acquiring data with higher accuracy. For example, Papadopoulos et al. (2008) reported better simulation results from an NWP model using radar rainfall data to substitute the rainfall forcing of the model's land surface scheme. Huffman et al. (1995) have used numerical model predictions to fill data voids in their merged satellite products. Recently, Zupanski et al. (2011) This study proposes a new approach to blending NWP with satellite rainfall estimation, namely, using the rainfall magnitude derived from high-resolution NWP simulations to evaluate the overall satellite rainfall bias over complex topography. The focus is on heavy precipitation storms that cause flash floods in small-to medium-sized basins. The study uses high-quality, gaugeadjusted radar rainfall estimates from five heavy precipitation storm cases to evaluate the performance of the proposed approach applied on the CMORPH (8 km/half hourly) satellite rainfall product, selected because of its better consistency, among other satellite products, over complex topography. High-resolution NWP storm simulations are performed using WRF (Skamarock et al. 2008) . A description of the study area and data sources are provided in section 2, followed by description of the WRF setup in section 3. Section 4 describes the methodology of the adjustment procedure. Section 5 discusses the results for the different storm cases, and conclusions are provided in section 6.
Study area and data

a. Study area
Three areas (Fig. 1 ) associated with complex topography are selected for this study. These regions are located in the Italian Alps and the Massif Central mountain range that exhibit frequent heavy precipitation and floods. A recent study (Mehta and Yang 2008) about the Mediterranean basin indicates that heavy precipitation has peak frequency and accumulation over the mountainous regions according to satellite measurements. The areas along the Alpine foothills and the southern flanks of the
Massif Central mountains are particularly under the influence of extreme rain accumulations because the air from the Mediterranean Sea brings sufficient moisture and the mountain windward slope helps the lifting condensation process, therefore leading to heavy rains and snow storms (Frei and Schar 1998; Nuissier et al. 2008) . Five heavy precipitation events in northern Italy and southern France that produced flash floods in three medium-sized basins (shown in Fig. 1 )-Fella and Sesia in northern Italy and Gard in southern France-are selected to evaluate quantitative precipitation estimation by CMORPH satellite retrieval and potential improvements gained by adjusting those estimates using highresolution rainfall simulations from WRF. Evaluation of the rainfall estimates is based on high-quality, rain gauge-calibrated radar rainfall fields, which is discussed in the next section.
The Fella area is located at the Friuli-Venezia Giulia region in northeastern Italy adjacent to northwestern Slovenia and southern Austria. The area represents subMediterranean alpine climate. This type of climate exhibits more humid summer than the typical Mediterranean climate. The Sesia area is located in northwestern Italy. It contains the Sesia River basin and is featured by unique topographies. The bottom-right part of the study area is the Alpine foreland region, while the top-left part includes a portion of the central chain of western Alps. This region also belongs to the subMediterranean zone and exhibits a similar climate type as the Fella. The Gard area, on the other hand, is located in south-central France, over the southeastern edge of the Massif Central mountain range. Although the elevation of this area is the highest among the Massif Central mountain range, it is still much lower than the main Alps chain. This represents a typical Mediterranean climate featured by hot, dry summers and cool, wet winters (Lionello et al. 2006 because of frontal systems and mesoscale convective systems (MCSs) occurring in the area.
b. Precipitation data Table 1 summarizes the basic information of the five storm events used in this study. The durations of these events vary from 12 h to 4 days, and each of the cases is associated with heavy precipitation and flooding. The Fella2003 case accumulated 343 mm maximum rainfall within 12 h with ;20% of the hourly rain rates exceeding 10 mm. The impact of this heavy precipitation was enhanced by the complex terrain resulting in a series of subsequent hazards (floods and landslides) over the Fella basin. The two Sesia cases reached maximum rainfall accumulations of 253 mm and 353 mm, respectively. The largest maximum rainfall accumulation out of the five events (409 mm) occurred in the Gard2008 case. This 2-day event had only small fraction (;5%) of the hourly rain rates greater than 10 mm h
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, as the rain accumulation is due to a stationary mesoscale system that produced moderate rainfall rates. In comparison to the above cases, the Gard2007 event was relatively mild, occurring over a 4-day period and producing 294 mm of maximum rainfall accumulation. It is noted that most of the rain accumulation of Gard2007 occurred in the last 20 h of the event. Therefore, the rainfall intensities in this event were high and triggered a destructive flash flood in the Gard basin.
The precipitation datasets for each storm case consisted of three sources: satellite rainfall from CMORPH, rain gauge-adjusted radar rainfall, and simulated rainfall fields from WRF. Table 2 summarizes the resolutions of each data source. A description of the satellite and radar data is given below, and the WRF simulations are discussed in the next section.
CMORPH is a satellite rainfall algorithm that uses motion vectors derived from half-hourly interval geostationary satellite IR imagery to propagate the relatively high-quality rainfall estimates obtained from Earthorbiting satellite-based passive microwave (PMW) sensors (Joyce et al. 2004 ). The dynamic morphological characteristics (such as shape and intensity) of the precipitation features are morphed at consecutive times between PMW sensor samples by performing a timeweighted linear interpolation. This process yields spatially and temporally continuous PMW rainfall fields that have been guided by IR imagery and yet is independent of any IR temperature-based inversion to rainfall rate (Kidd et al. 2012) . However, there are certain issues with the technique as highlighted by Joyce et al. (2004) : (i) the algorithm may miss precipitation that forms and develops over an area between PMW overpasses and (ii) the current snow-screening process gives nonzero rainfall estimates to the snow or ice areas, thus causing inauthentic observations over these areas that are usually associated with high elevations and mountainous terrain. These deficiencies introduce uncertainties to the CMORPH precipitation estimates, which propagate in flood prediction when these estimates are used as input to a hydrologic model. Nevertheless, as indicated by several satellite error studies (Stampoulis and Anagnostou 2012; Kidd et al. 2012; Bitew et al. 2012; Dinku et al. 2007 ), CMORPH retrieval 
exhibits a better consistency relative to other satellite products over complex terrain areas. The radar rainfall data for the Fella storm case were obtained from a Doppler, dual-polarized C-band radar after converting the reflectivity scans to rainfall values via a rain gauge-calibrated Z-R relationship. Several procedures were applied to correct for ground clutter, partial beam blockage, and rain-path attenuation (Borga et al. 2007 ). The radar data for the Sesia cases were from the Bricdella Croce Doppler weather radar and the radar rainfall estimates were quality controlled and bias adjusted using rain gauge measurements (Sangati et al. 2009 ). The radar rainfall for the Gard storm cases were obtained using quantitative rainfall estimation procedures applied to weather radars of the M et eo-France Association pour la R ealisation des Actions et des Missions Sociales (ARAMIS) network (Delrieu et al. 2005) . The procedures include detailed radar data quality control and rain gauge-based bias adjustment of the radar rainfall estimates. Even though radar rainfall estimates are affected by error sources, for example, the effect of rainfall drop size distribution variability on the reflectivity-to-rainfall rate conversion, rain-path attenuation, and beam blockage effects, when postprocessing data quality control is performed, it can be considered a reliable data source for evaluating remote sensing rainfall product.
Numerical weather simulation model setup
The numerical weather simulations in this study were performed by the WRF modeling system, version 3.4 (Skamarock et al. 2008) . By initializing the model with both the Global Forecast System (GFS) data and Local Analysis and Prediction System (LAPS) reanalysis data, WRF generated better simulations than using GFS analysis fields alone. GFS data are commonly used to initialize WRF simulation. The GFS data used in this study are in 18 spatial resolution and 6-h temporal resolution. The LAPS analysis data were provided every 3 h in the spatial resolution of 15 km. LAPS analysis represents a regional dataset covering a large portion of northern Africa, Europe, and major parts of the Atlantic Ocean. These data were generated in the framework of the European Union Climate Change and Impact Research: The Mediterranean Environment (CIRCE) project through the LAPS assimilation system (Albers et al. 1996) using the available observations from weather stations and buoys, along with the 0.58/6-hourly European Centre for MediumRange Weather Forecasts (ECMWF) analysis fields.
The WRF simulations have been performed in a twoway interactive mode with 35 vertical levels and a threedomain configuration, in which the coarsest spatial resolution is 18 km and two nested domains have the resolution of 6 km and 2 km, respectively. The domain The area encompassed by the outer rectangle box is the fitting domain; the area encompassed by the inner rectangle box is the radar domain for the error analyses.
sizes and locations are accommodated according to the different study regions. The geographic data used to define domains and interpolate terrestrial datasets are in 30-s resolution. Table 3 presents the domain setting for each storm case. The WRF parameterization scheme selection is based on findings from a WRF sensitivity study of Mediterranean rain events done by Laviola et al. (2011) . Table 4 lists the parameterization schemes used in the model for microphysics, radiation, convection, boundary layer, and soil processes. These parameterizations are consistently implemented in the simulations of all five storm cases. Finally, Table 5 shows the WRF integration time periods for each storm case. The model output files were analyzed at hourly time intervals.
Methodology
In this section we describe the three main steps that constitute the procedure used for determining the adjustment for CMORPH estimates and evaluating those estimates against the in situ radar rainfall data.
a. Data processing
The first step was to bring all datasets into a common spatial and temporal resolution grid in order to determine the bias error statistic. The selected spatiotemporal scale was 8 km and 1 h, representing the coarsest resolution among the various datasets. For each storm case, two domains were defined for two distinct purposes: one is the fitting domain, where we determine the CMORPH rainfall adjustment parameters through comparison with WRF rainfall fields, and the second is the radar domain, which is used to determine the error statistics. The radar domains for the three study areas (Fella, Sesia, and Gard) are shown in Fig. 1. 
b. CMORPH adjustment procedure
The CMORPH adjustment is based on a power-law function [shown in Eq. (1)], which is selected based on the WRF-CMORPH data relationships derived from the five storm cases:
where X and Y represent the CMORPH and WRF hourly rain rates (in mm h 21 ), respectively, and a and b are parameters to be estimated over the fitting domain. These two parameters have distinct values for each storm case. The procedure for estimating the parameters is as follows. First, we define a fitting domain for each case. There are two criteria for selecting a fitting domain: (i) the domain should be small enough to focus on the area of the storm (see Fig. 1 ) and should therefore represent the distinctive precipitation features associated with the satellite retrieval, and (ii) the domain should be large enough to contain most of the intense rainfall areas and should take into account the numerical simulation misplacements. A fixed cumulative distribution function (CDF) bin with cumulative probability values ranging from 5% to 95% is defined to determine the corresponding WRF and CMORPH hourly rain rate quantiles. By using the least squares method, the adjustment function is then employed to fit these WRF versus CMOPRH hourly rain rate quantiles using Eq. (1) and thus determines the values for parameters a and b. Adjusted CMORPH hourly rain rates were then obtained by applying the adjustment function of Eq. (1) with the determined parameters on the original CMORPH rain rates. It is noted that the herein adjustment method does not correct for rainfall detection error, which may be a significant factor in satellite rainfall underestimation over mountainous areas.
c. Error analysis
The error analysis in this study is provided over the radar domain to independently evaluate the improvements obtained by the proposed adjustment. We devise BS is defined as the ratio of the number of occurrences that estimated rain rates exceed a specified threshold versus the respective number from the reference rain rates:
HSS (Heidke 1926 ) is defined as the number of correct estimated occurrences minus the number of correct estimated occurrences by chance divided by the total number of estimated occurrences minus the number of correct estimated occurrences by chance:
Eq. (3) can be simplified to
Technically, the range of HSS is 2' to 1. A perfect precipitation estimator would obtain an HSS value equal to 1, while HSS less than or equal to zero indicates that the technique gives mostly a random estimation or has fewer hits than a random estimation. HSS is a widely used score because it is fairly easy to compute and it may explain more than one effect such as probability of detection, false alarm rate, and occurrences by chance.
Results
The five storm cases analyzed in this study are distinct in terms of the rainfall intensities and the spatiotemporal rain structures, which provide a good representation of the heavy storm types occurring in complex terrain areas. Overall, the 2-km resolution WRF and 8-km resolution CMORPH rainfall accumulations (Figs. 2a,b) show similar patterns for the different storm cases. The Q-Q plot of WRF versus CMORPH rain rates (Fig. 3) consistently exhibits approximate power-law relationships; thus the power-law-fitting equation [Eq. (1) ] is selected to adjust CMORPH rainfall estimates. Specifically, the Sesia and Gard cases group together with less nonlinear shapes, while the Fella2003 case displays a strong power-law curve. As a consequence, the parameter values of Eq. (1) are within a narrow range for all storm events except Fella2003 (Table 6 ). In Sesia and Gard cases, parameter a is between 1.12 and 1.68 and parameter b is between 1.02 and 1.19. In the Fella2003 case, the a value is much smaller and b value is much larger than the other cases.
The adjustment of CMORPH estimates demonstrates improvement in terms of rainfall magnitude (Fig. 2) . For the purpose of verifying CMORPH's actual improvement, the independent radar-derived rainfall estimation was introduced as a reference dataset to compare with the three estimators. The results for each storm case are described next.
a. Fella2003 case
The Fella2003 case lasted only 12 h, with very intense rainfall mostly concentrated in the afternoon of 29 August 2003. Considering a threshold of 0.1 mm h 21 as the minimum value of CMORPH effective rain rate, it is found that a very low percentage (1.2%) of the radar precipitation was not detected by CMORPH. The high rain detection for this storm indicates that the CMORPH observation indeed captured the main features of the Fella2003 rainfall system, which explains why the adjustment procedure gave the best results in terms of overall bias correction. Figure 4a shows the Q-Q plot of radar rainfall versus the different rainfall estimators, which substantiates the claim that the adjusted CMORPH rainfall has the best consistency with the reference radar data among the three estimators.
In addition, the BSs in Fig. 4c and HSSs in Fig. 4d are introduced to test the details of the CMORPH adjustment at different hourly rainfall thresholds. Both the BS and HSS can test the occurrences of estimators exceeding or failing to reach a certain precipitation threshold, while the HSS also provides combined assessment of the probability of detection and false alarm rate. The BS values of adjusted CMORPH are closest to 1 compared to the other two estimators, meaning that adjusted CMORPH estimation has more similar occurrences with the radar data, especially when the rainfall threshold is greater than 4 mm h 21 . Moreover, the HSS plot shows the highest values (around 0.4) in the adjusted CMORPH data and lowest values in WRF simulations, which indicates that the adjusted CMORPH hourly rainfall data perform best not only on rainfall occurrences, but also in terms of rainfall magnitudes, while WRF data give the least accuracy for the rainfall detection at almost all precipitation thresholds. The conclusion about rainfall detection is confirmed in Fig. 4b , depicting the hourly rainfall time series plot. It is apparent that the radar rainfall peak is not captured correctly by the WRF simulations. WRF generates the peak time ;3 h earlier and shows very low value at the actual peak. The CMOPRH peak is only 1 h later than the radar peak and follows a similar trend as the radar data. Furthermore, it is important to note that the CMORPH adjustment does not provide enough increase for the low rainfall values, while the improvement is significant for the high rainfall values such as the rainfall rate at the peak time. Overall, for the Fella2003 event, the adjusted CMORPH estimation is better than both the original CMORPH and WRF simulations in terms of the representation of area rainfall dynamics. Therefore, for this storm case, the high-resolution storm simulation from WRF improved the CMORPH rain estimation performance by reducing the strong underestimation of high rainfall rates.
b. Sesia2005 case
The Sesia2005 event started in the evening of 1 August 2005 and lasted 24 h, producing moderate rainfall rates. There was only 32% of radar rainfall detected by the CMORPH estimates, which makes the adjustment less efficient than in the case of Fella2003. Although the Q-Q plot over the radar domain (Fig. 5a) illustrates that the adjusted CMORPH performs best among the three estimators, the CMORPH improvement is still not enough and exhibits large underestimation. The improvement was further evidenced by the bias scores (Fig. 5c) , in which the adjusted CMORPH exhibited better consistency with radar rainfall than either WRF or the original CMORPH estimates, especially for rainfall rates above the high rain rate thresholds. However, the HSS (Fig. 5d ) of CMORPH and adjusted CMORPH data is around zero, which means that both CMORPH estimators are associated with high random error. This points out that the CMORPH detection problem dominated the estimation inaccuracy for this storm.
Furthermore, a plot of hourly rainfall time series (Fig. 5b) shows that WRF-simulated rainfall tends to develop the rain peak earlier than the actual peak time. On the other hand, CMORPH and adjusted CMORPH rainfall follow the reference time series better since they observed several rainfall peaks at the same time as the radar data. However, the original CMORPH data are too low to provide a reasonable estimation and the adjusted CMORPH data did not obtain enough improvements from the WRF-based adjustment.
c. Sesia2006 case
The Sesia2006 storm event started at 0000 UTC on 14 September 2006 and persisted for 2 days. The WRF simulation for this event provided a good estimation of rainfall magnitude compared to radar (Fig. 6a) , while the CMORPH data exhibited significant underestimation. The adjusted CMORPH rain rates obtained substantial improvement results for the high rain rates, while lower rain rates (less than 8 mm h 21 ) did not increase enough to reach the reference values. Figure 6c shows that the BS of the adjusted CMORPH data is consistently close to 1, which indicates that the adjustment reduced the dependency of CMORPH bias on rain magnitude. In addition, the BS of adjusted CMORPH data provides particularly good estimation for the larger rain rate thresholds, but it performs less accurately than WRF for the lower thresholds. Moreover, as shown in Fig. 2 , CMORPH rainfall patterns are different than the radar rainfall for this event, which can be due to effects of snow land cover on the PMW retrieval. Because of these spatial pattern mismatches, the HSS plot of the FIG. 5 . As in Fig. 4 , but for the Sesia2005 case.
CMORPH estimates (Fig. 6d) does not show apparent improvements from the WRF-based adjustment. The hourly rainfall time series (Fig. 6b) , on the other hand, demonstrate that the adjusted CMORPH rainfall exhibits improvement over the original CMORPH estimates, with rainfall magnitudes and dynamics following closer the reference radar rainfall data.
d. Gard2007 case
Gard2007 was the longest-lived precipitation event among the five storm cases used in this study. This event lasted almost 4 days. The extreme portion of the storm, however, did not occur until the last 20 h. The storm event is located at the windward slope of the Massif Central mountain range. WRF has considered this topographic factor and consistently simulated the rainfall distribution map (Fig. 2) with a very clear boundary between the precipitation concentrated area and the mountain leeward. The CMORPH rainfall estimates for this event exhibit a slight spatial shift to the east and do not show a clear rainband as in the WRF analysis. Figure 7a shows improvement due to the adjusted CMORPH rainfall estimates relative to radar data.
However, since this Q-Q plot is based on conditional rain rates, it does not represent the overall performance of the estimator. Hence, it is understandable that the adjusted CMORPH data exhibit only slight improvement in the BS plot (Fig. 7c) . The HSS plot (Fig. 7d) shows the lowest (highest) scores for the WRF (adjusted CMORPH) data. This is also apparent in the time series plots (Fig. 7b) . Although WRF has similar amounts in terms of accumulated rainfall to the radar data, these values come at different peak times, which cause the low HSS values. On the other hand, the adjusted CMORPH data detected the major rainfall peaks well.
e. Gard2008 case
Gard2008 case was a 2-day rainfall event. It ended after the maximum rainfall peak time. Although the Q-Q plot over the radar domain (Fig. 8a) shows significant improvement of the adjusted CMORPH data relative to the original CMORPH estimates, the hourly rainfall time series (Fig. 8b) indicates that the missed detection of CMORPH rain rates cannot be meliorated by the adjustment procedure. Again, this is due to the fact that there is nearly 70% of CMORPH hourly rainfall FIG. 6 . As in Fig. 4 , but for the Sesia2006 case.
estimates over the radar domain with values less than 0.1 mm h
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. The adjustment brought slight improvement in those low rainfall rates. The BS plot (Fig. 8c ) also illustrates that the improvement of adjusted CMORPH data is insufficient to reduce the overall underestimation. The adjusted CMORPH data outperformed the other two estimators in the HSS metric (Fig. 8d) , especially for the rainfall rates above the higher rain rate thresholds.
Conclusions
This study investigated the use of high-resolution (2 km) simulations performed with WRF in determining heavy precipitation biases of satellite rain retrievals (i.e., CMORPH in this study) over complex terrain areas. The study focused on five heavy precipitation events over southern Europe (northern Italy and southern France). Quality-controlled radar rainfall data were used as reference rainfall to evaluate improvements obtained on CMORPH rainfall estimates using WRFbased adjustments.
It was shown that CMORPH has a tendency to substantially underestimate the rainfall magnitudes of the examined heavy precipitation events. The analysis also confirmed the fact that rainfall estimates from CMORPH do not detect very low rain rates. On the other hand, CMORPH was shown to perform well in capturing the storm dynamics including the occurrence of the major rain rate peaks. The high-resolution (2 km) rainfall simulations from WRF provided relatively accurate quantification of the storm rain accumulations and of the conditional (nonzero) rain rate distributions for the examined storm cases. However, significant time differences were exhibited between WRF and radar rainfall peaks. Using the high-resolution WRF simulations for adjusting CMORPH estimates, we could demonstrate improvements in the CMORPH rainfall error statistics relative to the original CMORPH estimates or the WRF rainfall simulations alone. Adjustments to the CMORPH rainfall estimates were applied using a power-law relationship with parameters determined on a storm-tostorm basis. The main points on the CMORPH adjustment performance based on the five storm cases examined in this study are summarized below.
The adjusted CMORPH hourly rain rates exhibited significant improvements when the original CMORPH estimates represented rainfall with high detection accuracy. The missed rainfall rates in the original CMORPH estimates limited the impact of the proposed adjustment technique on improving the overall bias in the CMORPH FIG. 7 . As in Fig. 4 , but for the Gard2007 case. rainfall product. Among the five storm events examined here, the CMORPH estimates of Fella2003 case had the least missed rainfall. This storm case exhibited the greatest improvement in the CMORPH rainfall estimation because of the WRF-based adjustment. The adjustment was shown to provide the most significant improvement for the higher rainfall rates, for which CMORPH usually exhibits significant underestimation. Only slight improvement was shown for the low rain rates. In all storm cases, the bias scores of the original CMORPH estimates exhibited strong rain rate magnitude dependence. After adjustment, this magnitude dependence was moderated, leading to a more consistent estimate.
Overall, the adjusted CMORPH rainfall performed consistently better than the original CMORPH data. Furthermore, in Fella2003, Gard2007, and Gard2008 the adjusted CMORPH rainfall provided better estimation than the WRF simulations in terms of the HSS skill scores examined in this study, which indicates that the WRF-adjusted satellite rainfall product can be superior to the high-resolution WRF simulations when it comes to capturing the hydrologic variability.
This research only accounted for the conditional error focusing on a limited number (five) of heavy precipitation events. Future extensions should investigate dependencies on model microphysics, resolution, and include other satellite retrieval techniques as well as additional heavy precipitation cases. One of the limiting factors of this adjustment procedure is the detection of rainfall by the various satellite rainfall techniques. Therefore, an important aspect to be investigated in future studies is how to use the weather model simulations to improve the characterization of satellite rainfall detection error. Furthermore, given that future high-frequency passive microwave satellite rainfall techniques associated with the Global Precipitation Measurement (GPM) mission are going to improve the rainfall detection problem, one would expect a better efficiency of the proposed model-based adjustment procedure. This aspect needs to be confirmed using new satellite rainfall products as algorithms are transitioning to the GPM observation era.
for providing the radar rainfall data for the flood cases in the Italian and French basins, respectively.
